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Abstract—The demand for low-power inference and training
of deep neural networks (DNNs) on edge devices has intensified
the need for algorithms that are both scalable and energy-
efficient. While spiking neural networks (SNNs) allow for efficient
inference by processing complex spatio-temporal dynamics in
an event-driven fashion, training them on resource-constrained
devices remains challenging due to the high computational and
memory demands of conventional error backpropagation (BP)-
based approaches. In this work, we draw inspiration from biolog-
ical mechanisms such as eligibility traces, spike-timing-dependent
plasticity, and neural activity synchronization to introduce TESS,
a temporally and spatially local learning rule for training SNNs.
Our approach addresses both temporal and spatial credit assign-
ments by relying solely on locally available signals within each
neuron, thereby allowing computational and memory overheads
to scale linearly with the number of neurons, independently of
the number of time steps. Despite relying on local mechanisms,
we demonstrate performance comparable to the backpropagation
through time (BPTT) algorithm, within ~ 1.4 accuracy points on
challenging computer vision scenarios relevant at the edge, such
as the IBM DVS Gesture dataset, CIFAR10-DVS, and temporal
versions of CIFAR10, and CIFAR100. Being able to produce
comparable performance to BPTT while keeping low time and
memory complexity, TESS enables efficient and scalable on-
device learning at the edge. !

Index Terms—Spiking Neural Networks, Local Learning Rule,
On-device Learning

I. INTRODUCTION

With the increasing ubiquity of low-power electronic de-
vices and the rapid advances in artificial intelligence, par-
ticularly in deep neural networks (DNNs), there has been a
growing interest in bringing intelligence to the edge [1]-[3].
The conventional approach, known as offline training, involves
training DNNs in the cloud, where computational resources
are abundant, and subsequently deploying the trained models
on edge devices. However, certain use cases, such as those
involving privacy concerns or the need for real-time model
adaptation, render the offline approach unsuitable. In these
scenarios, an on-device learning paradigm is essential. This
approach requires the development of energy-efficient models
and DNN learning rules that operate within the constraints of
edge devices [4], [5].

This work was supported in part by the Center for Co-design of Cognitive
Systems (CoCoSys), one of the seven centers in JUMP 2.0, a Semiconductor
Research Corporation (SRC) program, in part by the Department of Energy
(DoE), and in part by the NSF AccelNet NeuroPAC Fellowship Program.

ICode available at https://github.com/mapolinario94/TESS

In recent years, biologically plausible models such as spik-
ing neural networks (SNNs) have got attention as energy-
efficient alternatives to conventional DNN, owing to their
unique spatio-temporal processing capabilities, event-driven
nature, and binary spiking activations [6]-[8]. While these fea-
tures make SNNs promising candidates for enabling energy-
efficient inference at the edge, new solutions for solving
both the spatial and temporal credit assignment problems are
needed for resource-constrained scenarios. For example, in
an SNN with L layers and n neurons per layer, the back-
propagation through time (BPTT) algorithm (Fig. 1a) exhibits
time and memory complexities of O(TLn?) and O(TLn),
respectively, where 7" denotes the length of the input sequence.
This dependency on 7" makes BPTT impractical for on-device
learning on low-power edge devices [8]-[10].

To address these limitations, several alternatives have been
proposed to achieve local credit assignment. For spatial credit
assignment, methods such as feedback alignment (FA) and
direct feedback alignment (DFA) employ random matrices to
propagate error signals or directly project errors to individual
layers, thereby reducing layer dependencies [11]-[13]. Simi-
larly, the direct random target projection (DRTP) method [14]
projects targets generated from classification labels instead
of output errors, allowing for independent and forward layer
updates. Other biologically plausible approaches replace the
backward pass in BP with an additional forward pass [15],
[16]. Although these methods show promise, they often suffer
from slow convergence and scalability issues when applied
to deep networks. For instance, DFA experiences a ~ 16 %
accuracy drop compared to BP on CIFARIO in a five-layer
model [17], while the method proposed in [15] does not
scale beyond two-layer models. Recently, [17] introduced a
local learning rule inspired by neural activity synchronization
(LLS), which uses fixed periodic basis vectors for layer-
wise training, demonstrating performance comparable to BP in
fairly large datasets, including CIFAR100, and Tiny ImageNet.

For temporal credit assignment in SNNs, methods inspired
by three-factor learning rules leverage eligibility traces [18]
to preserve temporal information in a way that is biologically
plausible. For example, [9] introduced e-prop, a method that
uses eligibility traces to address temporal credit assignment
in SNNs with explicit recurrent connections, while relying on
BP or DFA for spatial credit assignment. Other approaches,
such as [19], [20], combine eligibility traces with DRTP
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Fig. 1. Comparison of three learning rule strategies for training a recurrent
model with state variable s[t]. (a) Non-local learning method (e.g., BPTT):
Both spatial and temporal credit assignment problems are solved by prop-
agating errors through time and space (layers). (b) Temporal local method:
Temporal credit assignment is addressed using eligibility traces (e[t]), which
are auxiliary variables that track the history of neural activity. These traces
are modulated by a learning signal ([as%]mml), which propagates errors

t
across layers but not through time. (c) Fully l]ocal method (e.g., our proposed
method TESS): In addition to eligibility traces, the learning signal (rm|t])
is generated locally, addressing both spatial and temporal credit assignment
entirely within the local context.

for spatial credit assignment, achieving spatial and temporal
locality. However, these methods have proven effective only
for shallow models (2 — 3 layers) and scale poorly to deeper
architectures due to their high memory cost of O(Ln?), which,
while independent of the number of time steps, scales with the
number of synapses (n?). Similarly, [21] uses eligibility traces
in combination with auxiliary spiking classifiers, significantly
increasing the number of additional trainable parameters.
An alternative method, the spike-timing-dependent plasticity
(STDP)-inspired temporal local learning rule (S-TLLR) [22],
achieves performance comparable to BPTT with 5 —50x less
memory cost and 1.3 — 6.6 less multiply-accumulate (MAC)
operations. Specifically, S-TLLR memory requirements scale
linearly with the number of neurons instead of synapses and
independent of the number of time steps, that is O(Ln).
However, S-TLLR still relies on backpropagating errors across
layers for spatial credit assignment, as shown for temporally

local learning rules in Fig. 1b.

To overcome these limitations and enable efficient on-
device learning, we propose TESS, a novel scalable temporally
and spatially local learning rule for training SNNs (Fig. 1c).
Unlike prior works, which either suffer from scalability issues
(e.g., [9], [19], [20]) or rely on global error propagation
across layers (e.g., [22], [23]), TESS fundamentally addresses
the bottlenecks of memory and computational overhead in a
way that is both temporally and spatially local. Specifically,
TESS addresses the temporal credit assignment problem using
eligibility traces with memory complexity that scales linearly
with the number of neurons, drawing inspiration from [22].
For the spatial credit assignment problem, TESS employs a
mechanism that synchronizes the activity of neurons within
each layer by modulating eligibility traces with a locally
generated learning signal, derived from fixed basis vectors
inspired by [17]. This entirely local approach eliminates the
need for backpropagation across layers, unlocking scalability
to deeper architectures and larger datasets while maintaining
memory and computational complexity that are independent
of the number of time steps, that is O(Ln) and O(LCn),
respectively.

Crucially, TESS marks a significant advancement over prior
works by introducing, for the first time, a low-complexity
fully local training method for SNNs that achieves perfor-
mance comparable to BPTT. On challenging datasets such as
CIFAR10-DVS, TESS incurs only a ~ 1.4% accuracy drop
relative to BPTT, while on other datasets, including IBM DVS
Gesture, and temporal version of CIFARI10, and CIFAR100,
TESS matches the performance of BPTT. Notably, this is
achieved while drastically reducing both computational and
memory requirements, with 205 — 661x fewer MACs and
3 — 10x lower memory usage. This capability is achieved
through the integration of biologically plausible mechanisms
like eligibility traces, STDP, and neural activity synchroniza-
tion, all of which rely solely on locally available signals within
each neuron.

The main contributions of this work are summarized as
follows:

o We propose TESS, a novel scalable learning rule for
SNNs that integrates biologically inspired mechanisms
such as eligibility traces, STDP, and neural activity
synchronization. TESS operates in a fully local manner,
relying only on locally available signals, making it well-
suited for energy-efficient on-device learning.

o TESS achieves linear memory complexity, O(Ln), and
computational complexity, O(LCn), enabling the effi-
cient training of deeper architectures, such as VGG-9,
on resource-constrained edge devices.

e TESS delivers performance comparable to BPTT on
vision benchmarks, matching its accuracy on IBM DVS
Gesture, CIFAR10, and CIFAR100, while incurring only
a ~ 1.4% accuracy drop on CIFAR10-DVS. This is
achieved with significantly lower resource requirements.
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II. BACKGROUND

In this section, we introduce the spiking neuron models
adopted here, the mathematical notation, gradient-based opti-
mization approaches for SNNs, and three factor learning rules.

A. LIF model

We adopt the leaky integrate-and-fire (LIF) neuron model to
implement spiking behavior. The discrete LIF neuron model
is mathematically described as follows:

u[t] = y(ul [t-1]—vwol -1+ Y W,
J

ol V1, (1)

ot = 0wV [t] — vy), )

K2

where, ul(.l)[t] represents the membrane potential of the i-th
neuron in layer [ at the time step ¢, and W( ) is the strength of
the synaptic connection between the ¢-th post synaptic neuron
in layer | and the j-th pre-synaptic neuron in layer [ — 1. The
parameter 7 is the leaky factor, producing an exponential decay
of the membrane potential over time. The threshold voltage
is denoted by vy, and © represents the Heaviside function
(©(z) = 1if z > 0 and 0 otherwise). When ugl) [t] reaches vy,
the neuron fires, producing a binary spike output ol(-l) [t] = 1.
This firing triggers a subtractive reset mechanism, represented
by the reset signal vthol(-l) [t], which reduces ugl) [t] by vg.

B. Gradient-based optimization for SNNs

We now describe how gradient-based optimization is applied
to SNN.

Given a dataset D = {(x, y*)¥;}, where N is the number
of samples, x represents the input data, and y* denotes the
corresponding labels, and an SNN model with parameters
W = {W(l)}lel, where L is the number of layers, the
optimization goal is to minimize a loss function L,

W .= arg mwiln L(D; W).

This minimization is solved using (stochastic) gradient de-
scent, where the parameters are iteratively updated as:

where 7 is the learning rate and % represents the gradient
of the loss function with respect to the parameters of the [-th
layer. The gradients are computed using the BPTT algorithm,
which applies the chain rule over both space (i.e. layers) and
time:

Lo ouOp
— Ju[t] oW O’
where T is the total number of time-steps of the input sequence
x. Due to the recurrent nature of SNNs, o <z>[ ] depends on
the entire history of the model:
oL 9L 9oW[ N oL OuW[t+1]
ou[t]  9oW[t] ouD[t] = GuD[t+1] dud]t] ’

where the term requires information from all subse-

%
2o [t]
quent layers (L — [), while 3u(gﬁ+1] ou®[t+1] depends on

ou®)
the full temporal history. Thus, BPTT is neitﬁer spatially nor
temporally local and incurs high computational costs.

C. Three-factor learning rules

Three-factor learning rules [18] represent a biologically
plausible framework for synaptic plasticity, where synapse
updates are determined by the interaction of three key factors:
pre-synaptic activity, post-synaptic activity, and a top-down
learning signal.

The core idea of three-factor learning rules is the concept
of an eligibility trace (e;;), which is a transient variable that
encodes synaptic changes driven by pre- and post-synaptic
activity. This trace persists over time, allowing updates to
occur when a delayed top-down learning signal arrives. The
eligibility trace is typically modeled as a function of the pre-
and post-synaptic activity, decaying over time according to the
following recurrent formulation:

el[t] = el [t — 1]+ f(

where [ is an exponential decay factor, f (02(})
9( S.l*l)[t]) are element-wise functions of the post-synaptic
activity o( )[ t] and pre-synaptic activity oj(-l_l) [t], respectively.
This formulatlon ensures that synapses are ‘“eligible” for
updates only when neuronal activity meets certain conditions.

The actual synaptic update is computed by modulating the
eligibility trace with a top-down learning signal m;[t], which
represents error or reward information. The weight update rule
can be expressed as:

AW;; = Z my[t

o [the V1), 3
[t]) and

el 1], )

where the learning signal m;[t] is typically derived from task-
relevant objectives, such as the gradient of a loss function or a
reward signal. This modulation ensures that synaptic updates
are oriented towards minimizing a particular objective.

Three-factor learning rules have demonstrated effective-
ness in training artificial SNNs, as evidenced by [9], [10],
[20], [22]-[24]. Notably, they offer a biologically plausible
approximation of BPTT under specific conditions [9], [25].
Despite their promise, previous works leveraging eligibility
traces for temporal credit assignment still rely on global error
propagation across layers, Fig. 1b, for achieving performance
comparable to BPTT [10], [22], [23]. Which results in a time
complexity of O(Ln?).

III. PROPOSED METHOD - A SCALABLE FULLY LOCAL
LEARNING RULE

To address the challenges of temporal and spatial credit
assignment for SNNs, we propose TESS, a scalable temporally
and spatially local learning rule that is biologically inspired.
It is designed as a three-factor learning rule that operates effi-
ciently with low computational and memory overhead, making
it suitable for resource-constrained edge devices. Specifically,
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TESS is presented in Fig. 2 and relies on two key components
to achieve temporal and spatial locality:

a) Temporal Credit Assignment with Eligibility Traces:
As discussed in Section II-C, eligibility traces are transient
variables driven by changes in pre- and post-synaptic activity.
These traces encode the temporal history of synaptic con-
nections, identifying synapses as candidates for updates and
thereby addressing the temporal credit assignment problem by
tracking neuronal activity.

However, eligibility traces as formulated in (3) incur a
memory complexity of O(n?), which is prohibitive for deep
SNN models. To overcome this, and in line with prior works
[4], [22], [23], we restrict the formulation to instantaneous
eligibility traces by setting 8 = 0 in (3). This modification
reduces the memory complexity to O(n) by independently
tracking pre- and post-synaptic activity traces.

In TESS, we utilize two eligibility traces: one based on pre-
synaptic activity (shown in red in Fig. 2) and one based on
post-synaptic activity (shown in blue in Fig. 2). These two
components mimic STDP mechanisms, capturing causal (red
signals) and non-causal (blue signals) dependencies between
pre- and post-synaptic activity.

We first consider the eligibility trace with causal informa-
tion. Using (3), the function f(-) is defined as a secondary
activation function W(-) applied to the membrane potential
u® [t]. This serves a role analogous to surrogate gradients in
gradient-based approaches [26]. The function g() is a low-
pass filter applied to the input spikes: > |, X;lcf o!=D[t],
where Ap. is an exponential decay factor, representing the
trace of pre-synaptic activity. To compute this trace in a
forward-in-time manner, we introduce a recurrent variable
qVt], defined as:

qV[t] = Areq P [t — 1] + 0= V1], (5)

which allows the causal eligibility trace to be expressed as:

e[t

pre

= ape U (uV[t]) ® gV [t], (6)
where aye controls the amplitude of the eligibility trace. For
all experiments, oy is set to 1.

For the second eligibility trace, eéf}s[[t], we use a low-
pass filter over the activations of the membrane potential
W(u®[]): S0 AW (wD []). This can also be expressed
as a recurrent equation by introducing a new variable h(")[t]:

ROt = Xposch D[t — 1] + T(uP [t — 1), ©)
and the non-causal eligibility trace is then given by:

e 1]

post

l -1
- (Yposth( )[ﬂ o2 O( )[t]v (8)
where a5 determines the inclusion of non-causal terms, with
Opost = +1 for positive inclusion, ape = —1 for negative
inclusion, and e = 0 for exclusion.

@ : Element-wise product

® : Outer product

Space

AW O[t] = (m® t]v(llm\'[l(”

+(m t]C Z )\;o:t II

))IQL;\:E‘J\_l OI_JI‘”.
t'=0
D) ® O,Lmou l)[ﬂ

Fig. 2. Overview of TESS. The diagram illustrates an SNN model unrolled
in time, where u(!) [t] denotes the membrane potential of neurons in the I-th
layer at time step ¢, and o(l)[t} represents the corresponding output spikes.
Signals involved in weight update computation are highlighted: red represents
the eligibility trace based on causal relationships between inputs and outputs,
blue represents the eligibility trace for non-causal relationships, and green
represents the local learning signal m(l)[t} used to modulate the eligibility
traces. The local learning signal is generated independently for each layer
through a learning signal generation (LSG) process. The fixed binary matrix
B used in the LSG process features columns corresponding to square wave
functions. While, f(-) is a softmax function, and t*[¢] represent the labels.

b) Spatial Credit Assignment with Locally Generated
Learning Signals: As discussed in Section II-C, while eligi-
bility traces address the temporal credit assignment, synaptic
updates require a top-down learning signal, denoted as 1m,(") [t],
to modulate the eligibility traces and solve the spatial credit
assignment problem. Unlike prior approaches that rely on
the global backpropagation of errors to compute this learning
signal, TESS introduces a local mechanism for spatial credit
assignment through a learning signal generation (LSG) pro-
cess. This method, depicted in Fig. 2, enables the learning
signals to be computed locally within each layer, avoiding
the computational overhead of global error propagation and
making the approach both scalable and hardware-friendly.

The LSG process begins by projecting the output spikes
of each layer, o[t], into a C-dimensional task subspace
using a projection matrix B(!). This projection captures the
relevant task information for the layer. Next, a function f(-)
is applied to the projected vector to compute its alignment
with the target vector y*. The choice of f(-) depends on the
task: for classification problems, f(-) is the softmax function,
while for regression tasks, it is simply the identity function.
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The difference between the projected vector and the target,
F(BWoD[t])—y*, serves as the error signal. This error signal
is then projected back to the layer using the transpose of the
projection matrix, BT resulting in the modulatory learning
signal, m()[t], which is given by:

mO[f] = BOT (1(BYoV[t]) — ). )

The design of the projection matrix B(") is a critical compo-
nent of the LSG process. In TESS, BW s defined as a fixed
binary matrix, with each column corresponding to a square
wave function. This design offers several advantages. The
square wave functions help synchronize the activity of neurons
within the same layer by assigning distinct spatial frequencies
to different classes, ensuring that the task-related information
is distributed effectively across the layer. Furthermore, the
columns of B(") are quasi-orthogonal, minimizing interference
between the projections of different classes. The simplicity
of square wave functions also makes them highly hardware-
efficient, which is particularly advantageous for implementa-
tion in resource-constrained environments.

The locally generated learning signal in TESS eliminates
the need for global backpropagation, significantly reducing
computational complexity from O(n?) to O(Cn). The effec-
tiveness of this design has been demonstrated in prior work
[17], further validating its potential for real-world applications.

c) Weight Updates: The weight updates are computed
based on the interaction of the learning signals with the
eligibility traces. The updates for causal terms (Wprle) ) and

non-causal terms (W, (Ogt) contributions are given by:

AW = (mm[t]@ume\I/(u“)[ﬂ)> =gV, (10)
AW = (mOoanh V) 2ol Vi, (1)

The total weight update combines these two contributions:

AW O[] = AWD[H] + AW 1]

pre

(12)

A. Algorithm Implementation

The TESS algorithm operates iteratively, updating eligibility
traces, computing learning signals, and adjusting weights for
each time step. A pseudo-code implementation for layer [ is
provided in Algorithm 1.

B. Computational and Memory Cost

In this subsection, we analyze the theoretical computa-
tional improvements of TESS in terms of multiply-accumulate
(MAC) operations and memory requirements, comparing it to
BPTT and S-TLLR. We build on the analysis presented in
[22], which we expanded to include the effects of the spatial
and temporal locality of TESS on computational and memory
costs.

Algorithm 1 TESS pseudo-code for layer [

Input: o~ (input for layer {), B (fixed binary matrix), /3
(threshold), n (learning rate), ¢; (time step to start generating
the learning signal)

Output: W

uM0] =0
h®[0] =0
qV0]=0
fort=1,2,...,7T do

Update h()[t] based on (7)
Update uV[t] and oV [t] based on (1) and (2)
Update q(!)[t] based on (5)
if ¢ >=t; then
Compute m l)[ ] based on (9)
Compute AW W [t] based on (10), (11), and (12)
end if
end for
WO =wO 4yl AWO[H

1) Memory Requirements: We begin by discussing memory
requirements, focusing on the overhead associated with synap-
tic updates, excluding the state variables required for SNN
inference (e.g., membrane potential) According to [22], the
memory requirements for BPTT and S-TLLR can be estimated
using the following equations:

L L

MemgprT = Tzn(l) , Mems.rir = 2 Z n®)
1=0 1=0

13)

where, n® represents the number of neurons in layer [, L
is the total number of layers in the model, and T is the total
number of time steps (length of the input sequence). The factor
of 2 in (13) arises from the inclusion of both causal and non-
causal terms in the computation of eligibility traces when oy
and opog are nonzero.

For TESS, the memory requirements are determined by
analyzing the variables involved in (10) and (11). From (10),
mW[t] depends on the output spikes o)[t], which are com-
puted using (9). Since this signal is derived directly from the
current output spikes, it does not require additional memory
storage and can be computed on the fly. Similarly, ¥ (u([t])
is a function of the current membrane potential and does not
require additional memory, as it can also be computed on
the fly. In contrast, the term gVt accounts for the history
of pre-synaptic activity and requires memory proportional
to the number of input neurons, n(~1. Likewise, h(")[t]
represents the history of post-synaptic activity and requires
memory proportional to the number of output neurons, n(*).
By combining these terms, the total memory requirement for
TESS can be expressed as:

L
MemTEss =2 Z TL(l)
=0

(14)
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This demonstrates that TESS achieves memory efficiency
comparable to S-TLLR while avoiding the significant overhead
associated with the time-dependent storage of BPTT.

2) Computational Requirements: Here, we estimate the
computational requirements by evaluating the number of MAC
operations needed to compute the learning signals. Specifi-
cally, we compare the operations required to calculate %
for BPTT, [%ﬁm]mﬂ for S-TLLR, and m () [t] for TESS. For
simplicity, we assume a fully connected network and disregard
any element-wise operations.

For both BPTT and S-TLLR, the error signals are computed
by propagating errors from the last layer to the first. If the final
error vector has a dimension of n(%), it is propagated to the
previous layer using the weight matrix W), which has a
dimension of n(%) x n(E=1_ This matrix-vector multiplication
requires n(Y) x n(L=1) MAC operations. The same process is
repeated for all hidden layers. However, while BPTT performs
this backpropagation for all time steps 7', S-TLLR computes
the learning signal only for the final 7" — ¢; time steps. Thus,
the number of MAC operations can be expressed as:

L
MACgprT = TZ n® x nt=1, (15)
=1
L
MACS—TLLR = (T — tl) Z ’I’L(l) X n(lil).
1=1

In contrast to BPTT and S-TLLR, TESS generates the
learning signal locally for each layer, significantly reducing
the computational complexity associated with backpropagating
errors through layers and time. The TESS learning signal is
computed using (9), where the output spikes o")[¢] (of dimen-
sion (")) are projected into a task subspace of dimension C'
using a binary fixed matrix B®") of dimension C' x n® . This
projection requires 2 x C' x n¥’ MAC operations to compute
m) . Therefore, the total number of MAC operations for a
network with L layers is:

(16)

L
MACrgss = (T'— 1) Y _2xnl) x C
=1

a7

where C' represents the number of classes in a classification
task or the number of variables to estimate in a regression
task. By generating the learning signal locally, TESS achieves
a significant reduction in computational complexity compared
to BPTT and S-TLLR. Specifically, the reduction factor is

. (O] . . .
approximately "T as C' < n™ in most practical scenarios.

C. Comparison with other local learning rules

In this subsection, we analyze the time and memory com-
plexity of TESS in comparison to other approaches. For this
analysis, we consider a fully connected spiking neural network
with L layers, each containing n LIF neurons, trained on
temporal tasks with T time steps, and a target space of
dimensionality C.

As discussed in Section II-B, BPTT requires access to
the entire history of the network, resulting in a memory

TABLE I
COMPARISON OF TESS WITH OTHER LEARNING RULES FOR TRAINING
SPIKING NEURAL NETWORKS (SNNS) WITH LIF NEURONS. THE
PARAMETERS ARE DEFINED AS FOLLOWS: L REPRESENTS THE NUMBER
OF LAYERS, n IS THE AVERAGE NUMBER OF NEURONS PER LAYER, 7' IS
THE TOTAL NUMBER OF TIME STEPS, AND C' DENOTES THE NUMBER OF

TARGETS.
Method CMemory Time ) Tempo.ral Spati?l
omplexity  Complexity Locality Locality
BPTT TLn TLn? X X
e-prop [9] Ln? Ln? X
OSTL [10] Ln? Ln? X
FELL [21] Ln? LCn
ETLP [19] Ln? LCn
OSTTP [20] Ln? LCn
OTTT [23] Ln Ln? X
S-TLLR [22] Ln Ln? X
TESS (Ours) Ln LCn

complexity of O(T'Ln). Similarly, since learning signals are
produced by propagating errors through layers for all time
steps, the time complexity is O(7'Ln?). This implies that tasks
with greater temporal dependencies significantly increase the
cost of BPTT.

To address this dependency on time steps, temporal local
methods such as e-prop [9], OSTL [10], OTTT [23], and
S-TLLR [22], as well as fully local methods like OSTTP
[20], FELL [21] and ETLP [19], leverage eligibility traces.
This strategy allows them to maintain a memory requirement
independent of time steps. However, methods like e-prop,
OSTL, FELL, ETLP, and OSTTP exhibit a memory com-
plexity of O(Ln?), which can become prohibitively expensive
for large models. In contrast, methods such as OTTT and S-
TLLR achieve a more efficient linear memory complexity of
O(Ln), making them more scalable. Similarly, TESS has been
designed to exhibit linear memory complexity.

Regarding time complexity, methods such as e-prop, OSTL,
OTTT, and S-TLLR rely on backpropagation of errors through
layers to generate learning signals, incurring a complexity
of O(Ln?). In contrast, OSTTP and ETLP use the DRTP
mechanism [14] to achieve spatial locality, reducing the time
complexity to O(LCn), where C < n. Although FELL
uses an auxiliary spiking classifier layer that generates error
signals by backpropagation through the auxiliary classifier, it
still achieves a time complexity of O(LCn). TESS follows
a similar approach, generating learning signals locally and
achieving the same reduced time complexity of O(LCn).

Compared to other methods, TESS offers the best combi-
nation of memory and time complexity due to its spatial and
temporal locality features. Furthermore, TESS achieves this
efficiency while delivering performance comparable to meth-
ods with higher memory and time requirements, as discussed
in the next section. A summary of this comparison is presented
in Table I.
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TABLE II
ABLATION STUDY ON INCLUDING NON-CAUSAL TERMS (apost) IN THE
ELIGIBILITY TRACES DURING LEARNING. ACCURACY (MEAN=£STD)
REPORTED OVER FIVE INDEPENDENT TRIALS

Dataset T Qpost = —1 Qpost = 0 Qpost = +1

75.00 + 0.65%
98.33 + 0.57%
91.99 + 0.19%
68.19 + 0.55%

74.36 + 0.87%
98.56 + 0.31%
92.55 + 0.16%
70.00 £+ 0.34%

75.00 £ 0.69%
98.56 + 0.41%
89.93 + 0.31%
62.49 + 1.05%

CIFAR10-DVS 10
DVS Gesture 20
CIFAR10 6
CIFAR100 6

IV. EXPERIMENTAL EVALUATION

In this section, we evaluate the performance of our training
algorithm, TESS, on multiple datasets, assessing its ability
to achieve competitive accuracy at reduced cost. To do so,
we compare TESS with a broad range of non-local to local
learning state-of-the-art methods.

A. Experimental Setup

This subsection describes the datasets, pre-processing steps,
and model architectures used to evaluate our method.

1) Datasets: We evaluated TESS using four datasets:
CIFAR10 [27], CIFAR100 [27], IBM DVS Gesture [28], and
CIFAR10-DVS [29]. The preprocessing steps for each dataset
are as follows:

o CIFAR10 and CIFAR100: Images were presented to the
SNN models for 6 time steps to simulate a temporal
dimension. Data augmentation during training included
increasing image size via zero-padding of 4, random
cropping to 32 x 32, application of the cutout technique
[30], random horizontal flipping, and normalization.

o CIFARI10-DVS: Events were accumulated in 10 frame
events and resized to 48 x 48. Data augmentation involved
random cropping with zero-padding of 4, followed by
normalization.

o IBM DVS Gesture: Sequences of varying lengths were
split into samples of 1.5 seconds. Events were accu-
mulated into 20 event frames, each representing 75 ms,
resized to 32 x 32, and randomly cropped with zero-
padding of 4.

2) Training details: All experiments were conducted on a
VGG-9 model, in which the ReLLU activation functions were
replaced with LIF activations. The models were trained for
200 epochs using the Adam optimizer with a learning rate of
0.001. A learning rate scheduler was employed to reduce the
learning rate by half if the validation accuracy did not improve
for 5 consecutive epochs. The exponential decay factors, Apre
and Apo, were set to 0.5 and 0.2, respectively, while ap, was
fixed at 1. The leaky factor () and the threshold (vy,) of the
LIF model were set to 0.5 and 0.6, respectively. Additionally,
the secondary activation function was chosen to be a triangular
function, defined as ¥(u) = 0.3-max(1 —|u—wvy|,0). Finally,
weight updates occurred at every time step, i.e. t; = 0.

B. Results

This subsection presents the results of using TESS across
the four datasets, highlighting its performance on image clas-
sification tasks and its sensitivity to hyperparameters through
ablation studies.

1) Ablation Studies on Eligibility Traces: First, we examine
the effect of the apos parameter to include or exclude the
non-causal contribution on the learning process. To assess
the influence of this parameter, we set s to values of —1
(negative inclusion), +1 (positive inclusion), and 0 (exclusion).
We then trained a VGG-9 model on the four datasets described
in Section IV-Al, performing five independent trials. The mean
and standard deviation of the results are reported in Table II.

From the results, we observed that, with the exception
of the CIFAR10-DVS dataset, the positive inclusion of pog
improves model performance across all other datasets, with
gains ranging from 0.23 to 1.81 accuracy points compared
to when the parameter is excluded. In contrast, the negative
inclusion of ooy provides a performance improvement only
for the IBM DVS Gesture dataset.

Beyond performance, note that the inclusion of the o pa-
rameter also impacts the memory usage of TESS. As discussed
in Section III-B1, when oy # 0, additional memory must be
allocated for storing the trace of output spikes, h()[t]. Thus,
while the inclusion of s can enhance model performance, it
effectively doubles the memory requirements of the algorithm,
allowing for a trade-off between performance and memory
usage.

2) Performance on Image Classification: In this subsection,
we compare the performance of TESS with that of previously
reported methods, including non-local, partially local, and
fully local learning approaches, on the four datasets described
in Section IV-Al. The results are presented in Table III.

On CIFAR10-DVS, TESS performs on par with prior meth-
ods, including those based on backpropagation and temporally
local approaches such as [22], [23], with a maximum accuracy
drop of 2.27%, except for [32]. A similar trend is observed
on CIFAR10 and CIFAR100, where TESS demonstrates a
maximum accuracy drop of approximately 1%. In contrast,
on the DVS Gesture dataset, TESS achieves the best perfor-
mance among all previously reported methods, including non-
local approaches, despite being fully local. Notably, TESS
outperforms [21], [24], the other fully local methods, by
approximately 3 accuracy points. These results highlight the
capability of TESS to train models in a fully local manner
while achieving performance comparable to or better than non-
fully local methods.

It is worth noting that previous works may differ in ex-
perimental implementations, introducing variances that are
challenging to quantify in the final results. To address this,
we established two baselines for each dataset using BPTT
and S-TLLR [22], ensuring consistent model implementations,
data preprocessing, and hyperparameter settings. Relative to
these baselines, TESS outperforms S-TLLR on DVS Gesture,
CIFARI10, and CIFAR100 while performing on par with or
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TABLE III
COMPARISON OF PERFORMANCE AND COMPUTATIONAL REQUIREMENTS OF DIFFERENT LOCAL AND NON-LOCAL LEARNING STRATEGIES ON IMAGE
CLASSIFICATION TASKS

Local Time-steps  Batch Accuracy! # MAC?  Memory?
Method Model Learning (T) Size  (meantstd)  (x106) (MB)
CIFAR10-DVS
BPTT [31] PLIF (7 layers) No 20 16 74.8% - -
TET [32] VGG-11 No 10 128 83.17 £+ 0.15% - -
DSR [33] VGG-11 No 10 128 77.27 £+ 0.24% - -
OTTT4 [23] VGG-9 Partial (in time) 10 128 76.27 £+ 0.05% - -
BPTT [22] VGG-9 No 10 48 75.44 £+ 0.76% - -
S-TLLR [22] VGG-9 Partial (in time) 10 48 75.6 +0.10% - -
BPTT (baseline) VGG-9 No 10 64 76.40 + 0.66%  13589.59 25.50
S-TLLR (baseline) VGG-9 Partial (in time) 10 64 75.14 £ 1.37%  13589.59 5.10
TESS (ours) VGG-9 10 64 75.00 £+ 0.65% 22.15 2.55
IBM DVS Gesture
SLAYER [34]3 SNN (8 layers) No 300 - 93.64 £+ 0.49% - -
DECOLLE [24]* SNN (4 layers) 1800 72 95.54 + 0.16% - -
OTTT, [23]3 VGG-9 Partial (in time) 20 16 96.88% - -
BPTT [22] VGG-9 No 20 16 95.58 + 1.08% - -
S-TLLR [22] VGG-9 Partial (in time) 20 16 97.72 4+ 0.38% - -
BPTT (baseline) VGG-9 No 20 16 97.95 +0.68%  12079.69 22.69
S-TLLR (baseline) VGG-9 Partial (in time) 20 16 98.48 £ 0.37%  12079.69 2.26
TESS (Ours) VGG-9 20 16 98.56 + 0.31% 22.65 2.26
CIFARI10
Hybrid Training [35] VGG-11 No 250 128 92.22% - -
ELL [21] SNN (8 layers) 20 100 89.40 + 0.14% - -
FELL [21] SNN (8 layers) 20 100 88.36 + 0.16% - -
OTTT4 [23] VGG-9 Partial (in time) 6 128 93.52 + 0.06% - -
BPTT (baseline) VGG-9 No 6 128 92.55 + 0.06% 3623.90 6.83
S-TLLR (baseline) VGG-9 Partial (in time) 6 128 91.88 + 0.28% 3623.90 2.27
TESS (ours) VGG-9 6 128 92.55 + 0.16% 5.48 2.27
CIFAR100

Hybrid Training [35] VGG-11 No 250 128 67.87% - -
OTTT4 [23] VGG-9 Partial (in time) 6 128 71.05 £ 0.04% - -
BPTT (baseline) VGG-9 No 6 128 69.28 + 0.37% 3624.18 6.83
S-TLLR (baseline) VGG-9 Partial (in time) 6 128 68.00 = 0.71% 3624.18 2.27
TESS (ours) VGG-9 6 128 70.00 £ 0.34% 17.64 2.27

I. Previous studies’ accuracy values are provided as reported in their respective original papers.

2
3
4

slightly better than BPTT. The only exception is on CIFAR10-
DVS, where TESS lags behind BPTT by 1.4 and S-TLLR
by 0.14 accuracy points. Furthermore, TESS achieves these
results while significantly reducing the computational cost
of generating learning signals, with a reduction in MAC
operations of 205 — 661x thanks to its local learning signal
generation. Similarly, TESS reduces memory usage by a factor
of 3 — 10x compared to BPTT.

These findings clearly demonstrate the ability of TESS
to train SNN models with accuracy comparable to BPTT
while dramatically reducing computational and memory re-
quirements. This makes TESS a highly suitable candidate
for enabling learning on low-power devices with constrained
resources.

V. CONCLUSIONS AND PERSPECTIVES

We introduced TESS, a temporally and spatially local
learning rule for SNNs, designed to meet the demand for

: # MAC and Memory are estimated for a batch size of 1 with equations presented in Section III-B2.
: These studies used an input resolution of 128 x 128 for the IBM DVS Gesture dataset.
: [24] uses Spike Response Model (SRM) neurons, whereas all other models use LIF neurons.

low-power, scalable training on edge devices. TESS achieves
competitive accuracy with BPTT while reducing memory
complexity from O(T'Ln) to O(Ln) and time complexity from
O(TLn?) to O(LCn), making it highly efficient for resource-
constrained systems. Inspired by biological mechanisms like
eligibility traces, STDP, and neural activity synchronization,
TESS assigns temporal and spatial credits locally, eliminating
the need for global information flow. Experiments demonstrate
that TESS has accuracy on par with BPTT on datasets such
as CIFAR10, CIFAR100, and IBM DVS Gesture, while losing
only 1.4 accuracy points on CIFAR10-DVS. Moreover, it
significantly reduces computational costs, with 205 — 661x
fewer MACs and 3 —10x lower memory usage. By leveraging
its local learning paradigm, TESS offers a scalable, energy-
efficient alternative for training SNNs on edge devices, en-
abling real-time applications with minimal resource demands.
Its design is particularly promising for low-power on-device
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learning hardware, where spatiotemporal locality is critical for
efficiency [4].
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